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(57) According to an aspect of an embodiment, a method may include obtaining a data set that includes categories
(or features), and a target criteria. The method may further include obtaining a first decision tree model using the data
set. The method may further include ranking the categories based on the first decision tree model and removing low-rank-
ing categories from the data set. The method may further include generating a second decision tree model using the
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Description

FIELD

[0001] The embodiments discussed in the present dis-
closure are related to accessible machine learning.

BACKGROUND

[0002] Businesses and institutions receive, generate,
store, search, retrieve, and analyze large amounts of da-
ta in the course of daily business or activities. Machine
learning may be used to help business and institutions
to understand and interpret the data. For example, using
machine learning to analyze data may allow business
and institutions to understand how changes in their op-
erations may affect certain outcomes, such as increase
in sales. Implementing machine learning on data stores
has typically been implemented by machine learning ex-
perts as the process may be complicated and involve
expertise in machine learning, artificial intelligence, sta-
tistics, or computer coding.

SUMMARY

[0003] According to an aspect of an embodiment, a
method of providing accessible machine learning may
be presented in the present disclosure. The method may
include obtaining a data set that includes multiple
records. Each of the records may include values in mul-
tiple categories, and one of the categories may be a target
category. The method may further include obtaining an
indication of a target criteria, where a first set of records
of the records may each include a first target value of the
target category that meets the target criteria. The method
may further include obtaining a first decision tree model
using the data set, where the first decision tree model
may represent relationships between the values of the
categories of the records and the target criteria. The
method may further include ranking the categories based
on the first decision tree model and based on relation-
ships between values of the ranked categories and the
target criteria. The method may also include removing
one or more low-ranking categories from the records of
the data set based on the ranking of the low-ranking cat-
egories. The method may additionally include generating
a second decision tree model using the data set with the
low-ranking categories removed from the data set, where
the second decision tree model may include a root node,
leaf nodes, and branch nodes, and where each of the
branch nodes represents a branch criteria of one of the
categories. The branch criteria for each of the branch
nodes may be selected based on relationships between
the first target values that meet the target criteria and
values of the one of the categories that meet the branch
criteria. The method may further include pruning a branch
node of the branch nodes, where the pruned branch node
may be selected for pruning based on a second set of

records of the data set associated with the pruned branch
node that includes more records. The method may further
include designating at least one of the remaining branch
nodes as a rule node, and generating a rule based on
the branch criteria of the rule node. The method may also
include presenting the rule on a display in a graphical
user interface.
[0004] Advantages of the embodiments may be real-
ized or achieved at least by the elements, features, and
combinations particularly pointed out in the claims.
[0005] It is to be understood that both the foregoing
general description and the following detailed description
are given as examples and explanatory and are not re-
strictive of the present disclosure, as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0006] Example embodiments will be described and
explained with additional specificity and detail through
the use of the accompanying drawings in which:

Fig. 1 is an example environment that includes ac-
cessible machine learning;
Fig. 2A is a block diagram of an example flow illus-
trating operations related to accessible machine
learning;
Fig. 2B is a block diagram of an example data set;
Fig. 2C is a block diagram of an example decision
tree model;
Fig. 3 is a block diagram of an example computing
system;
Figs. 4A-4C illustrate a flow chart of an example
method of accessible machine learning; and
Fig. 5 is a flow chart of an example method of pruning
a branch node from a decision tree model.

DESCRIPTION OF EMBODIMENTS

[0007] Machine learning is a field of computer science
that may give computer systems the ability to "learn" (i.e.,
progressively improve performance on a specific action)
with data, without being explicitly programmed. In the
present disclosure, the term "machine learning" may be
an inclusive term referring to machine learning, artificial
intelligence, pattern recognition, and/or data mining. Ma-
chine learning may involve "training" an algorithm or mod-
el with training data which includes input data and desired
results or outputs. The algorithm or model may "learn,"
or adapt, to predict when a desired result may occur
based on the input data. The algorithm or model may be
used on new data to classify the new data or predict new
results. Some example applications of machine learning
include email filtering, optical character recognition, and
computer vision.
[0008] In some circumstances, machine learning ex-
perts configured and operated machine-learning sys-
tems. The experts selected algorithms, provided training
data, and supervised the machine-learning system train-
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ing of models. Further, the experts interpreted the results
of the machine-learning systems and/or oversaw imple-
mentation of the machine-learning system.
[0009] Systems and methods related to accessible
machine learning are disclosed in the present disclosure.
Accessible machine learning may include systems or
methods that may enable users to use machine learning
without special knowledge of machine learning, artificial
intelligence, statistics, or computer coding. Additionally
or alternatively, accessible machine learning may include
systems or methods that may provide users that have
special knowledge of machine learning with additional
tools for using machine learning.
[0010] For example, the systems and methods of the
present disclosure may help to enable a user to use a
machine-learning system to perform a specific task. To
help enable the use of a machine-learning system, the
user may be provided with a graphical user interface
(GUI) for the machine-learning system. Using the GUI,
a data set may be imported into the machine-learning
system. The imported data set may serve as training data
for a model developed by the machine-learning system.
The model may be used to perform the specific task. For
example, the model may be used to predict an outcome
relative to the specific task based on the values of the
model with respect to the data. For example, a data set
related to many sales engagements, some of which re-
sulted in sales, may be used as training data to generate
a model configured to predict whether a sales engage-
ment may occur or not based on data provided to the
model.
[0011] The GUI may provide an interface for a user to
construct, validate, and use a model generated by the
machine-learning system based on the data set. For ex-
ample, the data set, and/or the model may include mul-
tiple records. The records may include values in multiple
categories, which may be known in the art as "features."
Thus, in the present disclosure it may be said that the
data set, the model, and/or records have values "in" or
"of’ multiple categories. For example, a record may have
a value of a category related to "age" and another value
of a category related to "profession."
[0012] One or more of the categories may be desig-
nated as a "target category." The target category may be
a category of relevance to the specific task of the ma-
chine-learning model. In the present disclosure, values
of the target category in the data set may be referred to
as "target values." Through the GUI, a user may select
the target category of the data set.
[0013] Additionally or alternatively, there may be a "tar-
get criteria" related to the specific task of the machine-
learning model. The target criteria may include a logical
test on the target values. Through the GUI, the user may
input the target criteria. Records that meet the target cri-
teria may be referred to as "wins." As known in the art,
the records that meet the target criteria may be grouped
or labeled as part of a "desired target class." Records
that do not meet the target criteria may be referred to as

"losses" and may be grouped with or labeled as part of
a "less desired target class." Returning to the example
given above, a user may indicate that records relating to
sales engagements that resulted in sales may be "wins"
and may be part of the "desired target class" while records
relating to sales engagements that did not result in sales
may be "losses" and may be part of the "less desired
target class."
[0014] In some embodiments, each record may in-
clude a label. The label may indicate whether the record
in which it is included is a "win" or a "loss." In some em-
bodiments, the label may be related to the target criteria.
For example, the target criteria may be "is annual income
greater than $60,000?" Each record with a value in the
target category of "annual income" that is greater than
"$60,000" may also include a label of "win." In these or
other embodiments, records may include a label that may
be unrelated to a target category, and/or target values.
In the present disclosure, the "target criteria" may be ap-
plied to the label. Also, in the present disclosure, the label
may be considered a "target category." For example, the
label may be considered the target category, and the
target criteria may be "is the label ’win?"’
[0015] To aid a user in constructing, validating, and
using the model generated by the machine-learning sys-
tem, the machine-learning system, through the GUI, may
assist a user to clean the data set by removing extrane-
ous or poorly handled data from the data set. Additionally
or alternatively, the GUI may provide an interface for the
user to refine the model by removing categories from the
model which may be less discriminative of the target cat-
egory. For example, the data set may be analyzed and
categories of the data set may be ranked in order of dis-
criminability relationships to the target category. In the
present disclosure, "discriminability relationships" may
refer to a degree to which one category can be predicted
based on values of another category. Relationships be-
tween values of one or more categories of "desired target
class" may be compared with values of one or more cat-
egories of the "less desired target class." The GUI may
display results of the analysis to the user. The user may
select one or more of the categories of the data set for
inclusion or exclusion from the model. Additionally or al-
ternatively a visual representation of one or more cate-
gories of the model may be displayed to the user, through
the GUI. Based on the visual representation, the user
may be better able to understand the relationships be-
tween the categories and the target criteria.
[0016] Based on further analysis of the model, action-
able insights based on the data set may be generated.
The actionable insight may relate to a specific task of the
machine-learning model The GUI may display the action-
able insights to the user. The actionable insights may
include rules or conclusions based on the model that the
user may be able to understand and/or apply more easily
than full details of the model itself. The actionable insight
may be based on the target category and/or the target
criteria.
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[0017] Additionally or alternatively, the GUI may pro-
vide an interface for the user to use the model by testing
hypothetical records or cases. The machine-learning
system may classify the hypothetical cases based on the
model. The GUI may provide results of the classification
to the user. The machine-learning system, through the
GUI, may assist the user in generating hypothetical cases
that may demonstrate the actionable insights to the user.
Through the testing of hypothetical cases, the user may-
be better able to understand the actionable insights. Ad-
ditionally or alternatively, the GUI may provide alternate
methods to change records from the less desirable class-
es to the more desirable classes through other manipu-
lations of the data not suggested by the machine learning
model.
[0018] The systems and methods of the present dis-
closure may relate to an improvement in computer-relat-
ed technology because the systems and methods of the
present disclosure may allow a computer to enable a
user, without special knowledge of machine learning, to
use a machine learning model. Previous machine-learn-
ing systems required the user to have special knowledge
of machine learning, artificial intelligence, statistics
and/or computer coding. Additionally, the present disclo-
sure may relate to an improvement in the functioning of
the computer itself because the systems and methods
of the present disclosure may enable a computer to more
efficiently generate and use a machine learning model.
For example, by obtaining input from a user, that may be
an expert in a domain related to the data set or the target
category, the data set can be more effectively cleaned,
and categories can be more effectively pruned, which
may result in a more relevant data set. The use of a more
relevant data set may yield faster processing and more
accurate results, resulting in the improvement of the op-
eration of the computer. Additionally or alternatively the
systems and methods of the present disclosure may in-
clude a specific improvement over prior systems, includ-
ing an improved user interface.
[0019] Fig. 1 is a block diagram of an example envi-
ronment that includes accessible machine learning in ac-
cordance with at least one embodiment described in this
disclosure. The environment may include a computing
system 100 that includes a machine-learning system 120
that may be configured to implement a model 125 based
on a data set 108. A user 102 may interact with the com-
puting system 100 to perform one or more operations
related to machine learning through a graphical user in-
terface 106 ("GUI 106").
[0020] In some embodiments, the user 102 may be a
person without special knowledge of machine learning,
artificial intelligence, statistics, and/or computer coding.
Alternatively or additionally, the user 102 may have spe-
cial knowledge of machine learning, artificial intelligence,
statistics, and/or computer coding. In some embodi-
ments, the user 102 may have a specific task, a problem,
or a question that could be analyzed or improved through
applying machine learning to data. For example, a social

scientist may have a questions regarding how to predict
the income of a household based on data about the
household.
[0021] In some embodiments, the user 102 may use
the computing system 100 to perform one or more oper-
ations associated with machine learning. The computing
system 100 may include one or more processors and
one or more computer readable media. In some embod-
iments, the computing system 100 may include instruc-
tions stored in the computer readable media that when
executed by the processors cause the computing system
100 to perform the operations described in this disclo-
sure. In some embodiments, the computing system 100
may include a single computer, a server, a network of
computers or servers, among other computing devices.
Additionally or alternatively, the computing system 100
may include a mobile device, such as, for example a
smart phone, tablet, or other mobile device.
[0022] In some embodiments, the computing system
100 may include the machine-learning system 120 which
may include code and routines configured, when execut-
ed, to cause or direct a computing system to perform one
or more operations associated with machine learning.
Additionally or alternatively, the machine-learning sys-
tem 120 may be implemented using hardware. Alterna-
tively or additionally, the machine-learning system 120
may be implemented using a combination of hardware
and software. In the present disclosure, operations de-
scribed as being performed by machine-learning system
120 may include operations that the machine-learning
system 120 may direct a system to perform.
[0023] In some embodiments, the computing system
100 may include the GUI 106. The GUI 106 may be con-
figured as a user interface for the machine-learning sys-
tem 120. The GUI 106 may be configured to receive in-
puts from the user 102 for the machine-learning system
120. Additionally or alternatively, the GUI 106 may be
configured to present output and results from the ma-
chine-learning system 120 to the user 102. The machine-
learning system 120 may also be configured to provide
visual representations of outputs through the GUI 106.
[0024] In the present disclosure, operations performed
by the computing system 100 and/or the machine-learn-
ing system 120 that may use the GUI may be referred to
as being performed by the GUI. Further, in the present
disclosure, references to the computing system 100
and/or the machine-learning system 120 displaying or
presenting data or information to the user 102 should be
understood to mean that the GUI 106 is used to display
the data or information to the user 102. Likewise, in the
present disclosure, references to the computing system
100 and/or the machine-learning system 120 receiving
an input from the user 102 should be understood to mean
that the GUI 106 is used to receive the input from the
user 102, which may be conveyed to the computing sys-
tem 100 and/or the machine-learning system 120.
[0025] In some embodiments, the computing system
100 may include the data set 108. The data set 108 may
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include multiple records. Each record may include mul-
tiple categories. Each of the categories of each of the
records may include a value associated with the catego-
ry. In some embodiments, the value may be, for example,
a number, a character, a character string, a null value,
or a selection from a list of options. For example, a record
may include demographic data. In these and other em-
bodiments, the categories may include "age," "gender,"
"annual income," "level of education," and "profession."
Each of the categories may include a value. For example,
the "age" category may include a number, the "gender"
category may include a character or a selection from a
list of options, and the "profession" category may include
a character string.
[0026] In some embodiments, the machine-learning
system 120 may perform one or more operations asso-
ciated with machine learning with respect to the model
125. The model 125 may be based on the data set 108.
For example, the machine-learning system 120 may im-
port the data set 108 as a basis for the model 125. The
model 125 may be any suitable model for machine learn-
ing, such as, for example, a decision tree, an association
rule, an artificial neural network, an inductive logic pro-
gram, or a support vector machine. In some embodi-
ments, the machine-learning system 120 may use the
model 125 to classify new data or to predict new results.
In these and other embodiments, the model 125 may
have been developed using training data related to the
new data. For example, the training data may include
values for multiple categories including, a target catego-
ry. The new data may include values for one or more of
the multiple categories but not the target category. The
model 125 may predict whether the new data would have
a particular value in the target category that meets a tar-
get criteria used when training the model 125. For exam-
ple, the model 125 may be trained used demographic
data, including income data, to predict whether a partic-
ular person will have an annual income greater than
$60,000. In this example, the target category may be
"annual income" and the target criteria may be an "annual
income of greater than $60,000."
[0027] As an example of the computing system 100
performing one or more operations associated with ma-
chine learning, the data set 108 may be obtained. The
data set 108 may be input into the computing system
100. After inputting the data set 108 into the computing,
system 100 the GUI 106 may display statistics or meta-
data related to the data set 108. Additionally or alterna-
tively, the data set 108 may be selected from available
data sets accessible to the computing system 100. For
example, there may be one or more available data sets
stored at remote servers and accessible to the computing
system 100 across a computer network, such as, for ex-
ample the internet. The computing system 100 may dis-
play statistics or metadata of the one or more accessible
data sets via the GUI 106. The data set 108 may be se-
lected from among the accessible data sets.
[0028] In some embodiments, the machine-learning

system 120 may obtain an indication of a target category,
and/or a target criteria via the GUI 106. The target cate-
gory may be a category of the categories of the data set.
The target criteria may include a logical test based on
the value in the target category. For example, the target
category may be "annual income," and the target criteria
may be "annual income greater than $60,000." The ma-
chine-learning system 120 may present, via the GUI 106,
one or more categories of the data set 108. The target
category may be selected via the GUI 106. The machine-
learning system 120 may present one or more values of
the target category via the GUI 106. The target criteria
may be input via the GUI 106. For example, the machine-
learning system 120 may present, via the GUI 106, one
or more of the maximum, the minimum, the median, the
average, or the 75th percentile value of the target cate-
gory. One of these values may be selected, or another
value may be input to be used in the target criteria. The
GUI 106 may display one or more logical test operators
for the target criteria, for example "greater than," "less
than," or "between." One of the logical test operators may
be selected, or another logical test operator may be input
to be included in the target criteria. In some embodi-
ments, Boolean logic may be used to create a target cri-
teria that involves more than one logical operator or more
than one target category, for example, "annual income
greater than $30,000 and annual income less than
$90,000." Some records of the data set may include val-
ues of the target category that meet the target criteria.
Additionally or alternatively, some records of the data set
may include values of the target category that do not
meet the target criteria.
[0029] Continuing the example of the computing sys-
tem 100 performing one or more operations associated
with machine learning, the machine-learning system 120
may import the data set 108. The machine-learning sys-
tem 120 may perform operations related to "cleaning" the
data set 108 in connection with importing the data set
108. Cleaning the data set 108 may include removing
from consideration one or more categories of data set
108. Additionally or alternatively, cleaning the data set
108 may include removing one or more values from con-
sideration. The machine-learning system 120 may obtain
input for example, from the user 102, when determining
which categories to remove from consideration. For ex-
ample, the machine-learning system 120 may present,
via the GUI 106, categories of the data set 108. One or
more categories of the data set may be selected to be
removed from consideration. For example, if the target
criteria is "annual income of $60,000," the data category
of "eye color" may be removed from consideration. Ad-
ditionally or alternatively one or more values of one or
more categories can be selected via the GUI 106; and
the data set can be filtered based on the selected values.
For example, in the "age" category, "greater than 18
years of age" may be selected or input. Records not in-
cluding values in the "age" category that are greater than
"18" may be removed from the data set.
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[0030] In some embodiments, the user 102 may be
seeking to analyze data relevant to a particular domain
in which the user 102 has expertise. As such, the user
102 may have special knowledge about which categories
may be relevant to the target category and/or which cat-
egories may not be relevant. In these or other embodi-
ments the user 102 may have limitations on the data that
the user 102 may include in the analysis, such as, for
example, including only records from certain geographic
areas.
[0031] In some embodiments, the model 125, such as,
for example a decision tree model, may be obtained us-
ing, or based on the data set 108. The model 125 may
represent relationships between the values of the cate-
gories of the records of the data set 108 and the target
criteria. In some embodiments, the machine-learning
system 120 may generate the model 125. Additionally or
alternatively the model 125 may be obtained from anoth-
er source.
[0032] In some embodiments, the machine-learning
system 120 may perform category selection on the model
125. Category selection may include selecting categories
of data that are to be considered with respect to the ques-
tion or problem for which the model 125 is associated.
For example, when a social scientist is considering data
that affects income, the type of data selected may be
arranged in categories. For example, the categories may
include "education level," "age," "race," "gender," "marital
status," among others. In these and other embodiments,
the categories may also be known as features of the mod-
el 125.
[0033] Category selection may be performed using any
suitable method, such as, for example, using a feature
importance method, a univariate test, a filter method, a
wrapper method or an embedded method, among other
methods. Category selection may include ranking the
multiple categories of the data set 108 or the model 125
and based on relationships between the values of the
ranked categories and the target criteria. Based on the
category selection, the machine-learning system 120
may generate relevance information corresponding to
the categories of the data set 108. The machine-learning
system 120 may present the relevance information via
the GUI 106. One or more categories may be selected
for removal from consideration based on the presented
relevance information. For example, one or more low-
ranking categories may be removed from the records of
the data set based on the ranking of the low-ranking cat-
egory. Removing a category from consideration may in-
clude removing the category from the model 125 or re-
moving values of the category from the data set 108.
[0034] In some embodiments, the machine-learning
system 120 may present, via the GUI 106, a visual rep-
resentation of one or more categories of the data set.
The visual representation may be based on relationships
between the presented categories and the target cate-
gory. For example, one or more categories may be pre-
sented via the GUI 106.The GUI may display relevance

information relating to one or more categories of the data
set. One of the categories may be selected. The selected
category may be displayed in a visual representation.
The relationships between the selected category and the
target category may be presented in the visual represen-
tation. The visual representation may include a graphical
display. Additionally or alternatively an indication of the
number of records that satisfy various criteria of the se-
lected category and the target category may be dis-
played. For example, if the target category is "annual
income," and the selected category is "eye color," the
GUI 106 may display a graph illustrating the distribution
of incomes at several levels across the different eye
colors. Additionally or alternatively the GUI 106 may dis-
play a number of incomes at several levels across the
different eye colors.
[0035] In some embodiments, the machine-learning
system 120 may generate a refined model, such as, for
example a refined decision tree model, based on, or us-
ing, the data set without the removed categories, or low-
ranking, categories. For example, the model may be a
decision tree model, which may include a root node, mul-
tiple branch nodes and multiple leaf nodes. The branch
nodes of the decision tree model may each represent a
branch criteria of one of the multiple categories of the
data set 108. In these and other embodiments, the branch
criteria may apply to one of the categories that may not
be the target category to which the target criteria applies.
[0036] In some embodiments, the branch criteria of
each of the branch nodes may be selected based on
relationships between values of the records that satisfy
the target criteria and values of the records that satisfy
a candidate branch criteria. For example, the branch cri-
teria for a particular branch node may be selected based
on a goal of dividing the records associated with the par-
ticular branch node such that a majority of records asso-
ciated with the particular branch node that meet the target
criteria also meet the branch criteria and a majority of
records associated with the particular branch node that
do not meet the target criteria do not meet the branch
criteria.
[0037] In some embodiments, the machine-learning
system 120 may use the model 125 to generate one or
more rules. For example, the refined decision tree may
be pruned. A branch node of the refined decision tree
may be pruned based on the branch node having more
records associated with the branch node that do not meet
the target criteria than records that do meet the target
criteria. Following the pruning, one of the remaining
branch nodes of the refined decision tree may be desig-
nated as a rule node. The rule may be based on the rule
node. The rules may represent relationships between
categories of the data set to the target criteria. For ex-
ample, for a data set including categories of "gender,"
"age," "level of education," and a target category of "an-
nual income," with a target criteria of "greater than
$60,000," a rule may state that "for persons under 50
years of age, an education level greater than 12 years
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increases the likelihood of having an annual income of
$60,000." The machine-learning system 120 may display
the rule via the GUI 106.
[0038] In some embodiments, the machine-learning
system 120 may use the model 125 to generate a pre-
diction with respect to the target criteria for a hypothetical
record which may or may not include a value for the target
criteria. One or more hypothetical records may be gen-
erated and input into the machine-learning system 120
via the GUI 106. The machine-learning system 120 may
make predictions for outcomes of the hypothetical record
based on the model 125. In some embodiments, the ma-
chine-learning system 120 may present a proposed hy-
pothetical record that may illustrate the rule, via the GUI
106. For example, if a rule states "for persons under 50
years of age, education level greater than 12 years in-
creases the likelihood of earning $60,000 annually," the
GUI 106 may display a hypothetical record showing the
likelihood of a person under 50 years of age with 11 years
of education earning greater than $60,000 annually. Ad-
ditionally or alternatively the GUI 106 may display a hy-
pothetical record including the likelihood of a person un-
der 50 years of age with 13 years of education earning
greater than $60,000 annually. In some embodiments,
in either of these records, the hypothetical record may
be modifiable, through the GUI 106, to further analyze
the data set 108 and/or the applicability of the rule; such
as, for example by specifying a gender, or state of resi-
dence.
[0039] Modifications, additions, or omissions may be
made to the environment without departing from the
scope of the present disclosure. For example, in some
embodiments, data cleaning may be automated, or omit-
ted. For another example, category selection, or the gen-
eration of a refined decision tree may be automated or
omitted. For another example, operations involving dis-
playing results of options may be omitted. Further, the
order of operations may vary according to different im-
plementations.
[0040] Fig. 2A is a block diagram of an example flow
200 illustrating operations related to accessible machine
learning according to at least one embodiment described
in this disclosure. Fig. 2B illustrates an example of a data
set that may be used in the flow 200 of Fig. 2A. Fig. 2C
illustrates an example of a decision tree model that may
be used in the flow 200 of Fig. 2A. In general, the flow
200 may take a data set 208 as an input and, after some
processing, generate rules 252 and/or prediction data
262.
[0041] The data set 270 of Fig. 2B may be an example
of the data set 208 of Fig. 2A or of the data set 108 of
Fig. 1. The data set 270 includes a first record 272a, a
second record 272b, and a third record 272c, collectively
referred to as records 272. Each of the records may in-
clude categories 274. Four categories are illustrated in
Fig. 2B: a first category 274a, a second category 274b,
a third category 274c, and a fourth category 274d, col-
lectively referred to as categories 274. While the data set

270 includes three records 272 and four categories 274,
this is for illustrative purposes only. The number of
records and categories may vary according to different
implementations.
[0042] In some embodiments, each of the records 272
of the data set 270 may include a value corresponding
to each of the categories 274. For example, the first
record 272a may include a value 1 which may correspond
to the first category 274a, and a value 2 which may cor-
respond to the second category 274b. In some embodi-
ments, one or more of the records 272 may not have a
value in one or more of the categories 274. For example,
the first record 272a may not include a value 3 corre-
sponding to the third category 274c. Additionally or alter-
natively, the value 3 may be "null." In the present disclo-
sure, it may be accurate to say that each the categories
274 has a value corresponding to each of the records
272. For example, the first category 274a may have the
value 1 corresponding to the first record 272a, and the
value 5 corresponding to the second record 272b.
[0043] In Fig. 2B the data set 270 is illustrated as a
table, the records 272 are illustrated as rows, and the
categories 274 are illustrated as columns. The presen-
tation of the data set 270 in Fig. 2B is for illustration pur-
poses. The data set 270 may take the form of any suitable
data structure, such as, for example a vector, a list, an
array, or a matrix, among others.
[0044] The values of the categories 274 may be based
on the category 274 in which they are included. For ex-
ample, the first category 274a may be a numerical cate-
gory, such as, for example, "age." As another example,
the second category 274b may be a character string cat-
egory, such as, for example, "name." In some embodi-
ments, some of the categories 274 may include data that
can be one of a number of options. For example, the third
category 274c may be "eye color," and all of the values
of the category 3 may be selected from a list of colors.
[0045] The data set 270 may include a target category.
The target category may be a category of the data set
270 that may have been designated as the target cate-
gory. The target category may have been designated
based on the specific task of the machine-learning sys-
tem, the purpose of the model, or the question that the
model is configured to analyze. For example, if the ma-
chine-learning system is performing the specific task of
predicting income, the target category may be "annual
income."
[0046] Returning now to Fig. 2A, during data cleaning
210, clean data 212 may be generated based on the data
set 208. In general, during data cleaning 210, data may
be removed from the data set 208 based on an indication
that the data is not relevant to the target category or the
target criteria. The data removed may include records,
values, and/or categories. Alternatively or additionally,
particular categories may not be relevant for a specific
purpose of the machine-learning system. For example,
in some embodiments, "gender" may be irrelevant to de-
termine whether a loan should be granted. In some em-
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bodiments, a category of the data set 208 may be re-
moved based on an indication of the irrelevance of the
category to the target category or the target criteria. The
indication of the irrelevance may be obtained from the
GUI 106 of Fig. 1. In some embodiments, the indication
of the irrelevance of a category may be automatically
generated. In yet other embodiments, a combination of
GUI-driven and automatically derived category removal
methods may be used.
[0047] In some embodiments, the irrelevance of a cat-
egory may be based on a low degree of discriminability
relationships between the values of the category and the
values of the target category, or the values of the target
category that meet the target criteria. In some embodi-
ments, the irrelevance of a category may be based on
the irrelevant category being redundant. For example,
an irrelevant category may have a high degree of corre-
lation with another category in the data set and thus may
not add additional information that may be used to predict
information regarding the target category. In some em-
bodiments, the irrelevance of a category may be based
on the values of the irrelevant category being poorly han-
dled, such as, for example, the data being corrupted or
inaccurately reported or recorded in the records.
[0048] In some embodiments, during data cleaning
210 the irrelevant categories may be removed from the
data set 208 to generate the clean data 212. In some
embodiments, the irrelevant categories may be deleted
or marked as irrelevant for the purposes of further
processing.
[0049] In some embodiments, the flow 200 may include
the decision-tree generation 220. In general, during de-
cision-tree generation 220 the decision tree 222 may be
generated using, or based on the clean data 212. The
decision tree 222 may be generated according to any
suitable method of decision tree generation, such as, for
example, Iterative Dichotomiser 3 (ID3), Classification
And Regression Tree (CART), or Chi-squared Automatic
Interaction Detector (CHAID), among others. An exam-
ple of a decision tree is given with regard to Fig. 2C.
[0050] Fig. 2C is a block diagram of an example deci-
sion tree model 280 according to at least one embodi-
ment described in this disclosure. The decision tree mod-
el 280 includes seven nodes: root node 282a, first branch
node 282b, second branch node 282c, first leaf node
282d, second leaf node 282e, third leaf node 282f, and
fourth leaf node 282g, collectively referred to as nodes
282. While the decision tree model 280 includes seven
nodes, this is for illustrative purposes only, the number
of nodes, branch nodes, and/or leaf nodes may vary ac-
cording to different implementations. In some embodi-
ments, the decision tree model 280 may include layers
of branch nodes. For example, a branch node may be a
parent of another branch node.
[0051] In some embodiments, the decision tree may
divide and subdivide records of the data set according
to one or more criteria. For example, the decision tree
model 280 may include branch nodes. Each branch node

may include a branch criteria. The branch criteria may
include a logical test that may apply to values of the data
set. In some embodiments, each branch criteria may ap-
ply to values of one category. Example branch criteria
include "age greater than 50 years old," "annual income
greater than $60,000," or "gender is female." In some
embodiments, edges of the decision tree may represent
outcomes of the branch criteria. For example, the left
edge of any branch node may correspond to records with
values that meet the branch criteria. The right edge of
any branch node may correspond to records with values
that do not meet the branch criteria. Thus, for example,
the first leaf node 282d may correspond to records with
values that meet the branch criteria of the root node 282a
and the first branch node 282b. As another example, the
third leaf node 282f may correspond to records with val-
ues that do not meet the branch criteria of the root node
282a, but do meet the branch criteria of second branch
node 282c.
[0052] In some embodiments, the root node may be
associated with all of the records. Each branch node and
each leaf node of the decision tree may be associated
with a subset of records. For example, the root node 282a
may be associated with all of the records of the data set.
The first branch node 282b may be associated with the
records that meet the branch criteria of the root node
282a. The second branch node 282c may be associated
with the records that do not meet the branch criteria of
the root node 282a.
[0053] In some embodiments, the decision tree model
280 may represent relationships between the values of
the categories of the records and the target criteria. For
example, the first leaf node 282d may represent the
records that meet the branch criteria of the root node
282a and the branch criteria of the first branch node 282b.
Information that the first leaf node 282d meets the branch
criteria of the root node 282a and the first branch node
282b may be part of the representation of the relationship
between values of the categories of the records and the
target criteria. The first leaf node 282d may include in-
formation about how many of the records of the first leaf
node 282d meet the target criteria, for example, as a
percentage. Information about how many of the records
of the first leaf node 282d meet the target criteria may be
part of the representation of the relationship between val-
ues of the categories of the records and the target criteria.
[0054] Returning now to Fig. 2A, during some embod-
iments, the flow 200 may include the category selection
230. During category selection 230 categories of the
clean data 212 may be selected. In general, during the
category selection 230, the clean data 212 may be refined
based on the decision tree 222 and based on relation-
ships between the values of the categories and the target
criteria. The category selection 230 may include the re-
moval of one or more categories from the data set, which
may be similar to the data cleaning 210. However, the
category selection 230 may include more automation
than the data cleaning 210. For example, the category
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selection 230 may include any suitable feature selection
method such as, for example, a feature importance meth-
od, a univariate test, a filter method, a wrapper method
or an embedded method, among other methods.
[0055] In some embodiments, during category selec-
tion 230 the categories of the clean data 212 may be
ranked according to relationships between values of the
ranked categories and values of the target category that
meet the target criteria. For example, a category that has
a high degree of discriminability relationship between the
values of the category and values of the target category
that meet the criteria may rank high. For example, a cat-
egory such as "education level" may be highly correlated
with the target category of "annual income" because mul-
tiple records that include a relatively high "education lev-
el" may also include a relatively high "annual income."
Additionally or alternatively, the relationships may be an
inverse relationships; for example, "felony convictions"
may be inversely correlated with "annual income." Fur-
ther, the category of "education level" may have a high
degree of relationships with the target criteria of "annual
income greater than $60,000." The feature importance
method, for example, may rank categories according to
the decision tree 222 and/or the relationships between
the values of the ranked categories and the target criteria.
[0056] One or more low-ranking categories may be re-
moved from records of the data set based on the ranking
of the low-ranking categories. For example, the lowest
ranking category may be removed from the data set. Ad-
ditionally or alternatively the low-ranking categories may
be removed based on the relationships between the low-
ranking categories and the target criteria. For example,
a first accuracy of the model in predicting whether records
will meet the target criteria may be determined. Also, a
second accuracy of the model without a low-ranking cat-
egory in predicting whether records will meet the target
criteria may be determined. If the second accuracy is
within a threshold distance from the first accuracy, the
low-ranking category may be removed. For example, if
a particular category ranks low, and the accuracy of the
model without the particular category in predicting wheth-
er records will meet the target criteria is within 5% accu-
racy of the model with the particular category in predicting
whether records will meet the target criteria, then the par-
ticular category may be removed from the data set. The
refined data set 232 may include the clean data 212 after
the removal of the low-ranking categories.
[0057] In some embodiments, the flow 200 may include
the decision-tree generation 240. In general, during de-
cision-tree generation 240 the refined decision tree 242
may be generated based on the refined data set 232.
The decision-tree generation 240 may be similar to, or
the same as the decision-tree generation 220.
[0058] In some embodiments, the flow 200 may include
the rule generation 250. In general, during the rule gen-
eration 250 one or more rules 252 based on the refined
decision tree 242 may be generated.
[0059] In some embodiments, one or more of the

branch nodes of the refined decision tree 242, or the de-
cision tree 222, may be designated as rule nodes. One
or more rules may be based on the branch criteria of the
one or more rule nodes. The rule nodes may be desig-
nated from among the branch nodes based on the branch
criteria of the rule nodes dividing records that meet the
target criteria from records that do not meet the target
criteria. In the present disclosure, records that meet the
target criteria may be referred to as "wins." Also, in the
present disclosure, records that do not meet the target
criteria may be referred to as "losses." Also, in the present
disclosure, the ratio of records associated with a partic-
ular node that meet the target criteria to the total number
of records associated with the particular node may be
referred to as "Pwin." Thus, the rule node may be desig-
nated based on the branch criteria of the rule node divid-
ing wins from losses.
[0060] In some embodiments, the designation of a rule
node from among the branch nodes may include one or
more steps. In some embodiments, a list of nodes that
includes the branch nodes and the leaf nodes that include
a subset of records associated therewith that includes
more records that include target values that do not meet
the target criteria than records that include the first target
values that meet the target criteria may be generated.
For example, each of the branch nodes and the leaf
nodes on the list may be associated with more records
that do not meet the target criteria than records that do
meet the target criteria. For example, the list of nodes
may be the list of nodes that include more losses than
wins.
[0061] In some embodiments, to come to the designa-
tion of the rule node, one or more nodes may be pruned
from the list of nodes. The purpose of the pruning may
be to determine which nodes and/or branch criteria pro-
vide information most relevant to the target criteria. Thus,
the purpose of pruning may be to prune nodes from which
less relevant information may be extracted, for example,
redundant nodes.
[0062] In some embodiments, the node to be pruned
may be selected for pruning based on the node to be
pruned being a child node of a parent node that is on the
list of nodes. For example, returning to Fig. 2C, if first
leaf node 282d and first branch node 282b are on the
list, the first leaf node 282d may be removed based on
the first branch node 282b remaining on the list of nodes.
In some embodiments, the first leaf node 282d may be
removed because the first leaf node 282d may be redun-
dant in view of the first branch node 282b. Additionally
or alternatively, the first leaf node 282d may be removed
because the first branch node 282b may represent more
information, or information more relevant than the first
leaf node 282d.
[0063] Additionally or alternatively, the node to be
pruned may be selected for pruning based on the node
to be pruned being a leaf node; but, a parent node of the
leaf node may be added to the list if the parent node is
not already on the list. For example, returning again to
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the Fig. 2C, if the third leaf node 282f is on the list, and
the second branch node 282c is not on the list, the third
leaf node 282f may be removed from the list and the
second branch node 282c may be added to the list. In
some embodiments, there may be less information rela-
tive to the target criteria to be gained from a leaf node
than from a branch node at least because a leaf node
may not include a branch criteria. Thus, by removing a
leaf node, and adding a parent node, the list may gain
information, or information more relevant to the target
criteria.
[0064] Additionally or alternatively, the node to be
pruned may be selected for pruning based on the node
to be pruned representing a branch criteria of a category
that has been designated as "unchangeable." In the
present disclosure, nodes based on branch criteria, cat-
egories, or data that have been designated as unchange-
able may be referred to as "unchangeable nodes." For
example, if the branch criteria of the second branch node
282c is on a category of data that has been designated
as unchangeable, the second branch node 282c may be
removed from the list. As examples of categories that
may be designated as unchangeable, a record’s "age"
category or "eye color" category may be designated as
unchangeable. The designation of unchangeable may
be made by through a GUI, such as, for example, the
GUI 106 of Fig. 1. The designation of unchangeable may
be based on a concept that the underlying data of the
record cannot be changed without great difficulty. Such
as, for example, a person on which a record is based
may not change their eye color without great difficulty.
Additionally or alternatively, for some purposes, a person
on which a record is based cannot decrease their age.
Unchangeable nodes may be utilized in certain analyses,
and may not be utilized in other analyses. In these and
other embodiments, unchangeable nodes may be re-
moved from the list of nodes because the unchangeable
nodes may provide information that is less related to the
specific task of the machine-learning model than infor-
mation of other branch nodes.
[0065] In some embodiments, after one or more nodes
have been removed from the list of nodes, one or more
remaining nodes may be designated as rule nodes.
[0066] In some embodiments, the rule may be based
on the target criteria. For example, the rule may include
criteria on one or more categories of the data that may
cause a record to be more likely to meet the target criteria.
For example, if the target criteria is "annual income great-
er than $60,000" the rule may include criteria on one or
more categories that may increase the likelihood of a
record having an "annual income greater than $60,000."
[0067] In some embodiments, the rule may be based
on and include the branch criteria of the rule node. For
example, if the branch criteria of the first branch node
282b may be "education level greater than 12 years,"
based on the Pwin of children nodes of the first branch
node 282b, the rule may include "education level greater
than 12 years."

[0068] Additionally or alternatively the rule may include
preconditions. The preconditions of the rule may include
the branch conditions of each of the parent nodes of the
rule node. For example, returning again to Fig. 2C, if the
branch criteria of the root node 282a is "age greater than
50," the rule may include the precondition "when age is
greater than 50." For example, a rule may include "when
age is greater than 50, to achieve an annual income of
greater than $60,000, education level should be greater
than 12 years."
[0069] In some embodiments, the rule may include or
be based on one or more Pwins. For example, the rule
may include "when age is greater than 50, to achieve
70% probability of an annual income of greater than
$60,000, education level should be greater than 12
years." In some embodiments, the rule may include a
comparison between Pwins. For example the rule may
include "when age is greater than 50, to increase prob-
ability of having an annual income of greater than
$60,000 by 60%, education level should be greater than
12 years."
[0070] In some embodiments, the flow 200 may include
the prediction 260. In general, during the prediction 260,
prediction data 262 may be generated based on the rules
252, the refined decision tree 242, the refined data set
232, the decision tree 222, and/or the clean data 212. In
some embodiments, prediction data 262 may be made
based solely on the rules 252. The prediction data 262
based solely on the rules 252 may be quicker to produce
than other prediction data 262. Additionally or alterna-
tively the prediction data 262 may be based on the refined
decision tree 242. The prediction data 262 based on the
refined decision tree 242 may include generating results
using the machine-learning model, for example, the re-
fined decision tree 242.
[0071] In some embodiments, the prediction data 262
may be based on hypothetical records. For example, a
hypothetical record, which may not contain a value in the
target category may be obtained. In some embodiments,
a value of the target category of the hypothetical record
may be generated. The value of the target category of
the hypothetical record may include a range, or a prob-
ability. In other embodiments, no value of the target cat-
egory of the hypothetical record may be generated. Rath-
er, in these or other embodiments, the hypothetical
record may be evaluated in terms of the probability that
the hypothetical record would include a hypothetical val-
ue of the target category that would meet the target cri-
teria. For example, a hypothetical record may include
"age" of "50 years" and "education level" of "11 years."
The prediction data 262 based on the hypothetical data
may include a prediction of the likelihood of the record
with "age" of "50 years" and education level of "1 1 years"
including an "annual income" of greater than "$60,000"
such as, for example, "10%."
[0072] Modifications, additions, or omissions may be
made to the flow 200 without departing from the scope
of the present disclosure. For example, in some embod-
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iments, the data cleaning 210 may be omitted. In these
or other embodiments, the category selection 230 may
"remove additional categories from the data set." For an-
other example, the category selection 230 and the deci-
sion-tree generation 240 may be omitted. In these or oth-
er embodiments, the rule generation 250 may be based
on the decision tree 222. Further, the order of operations
may vary according to different implementations.
[0073] Fig. 3 is a block diagram of an example com-
puting system 300, which may be arranged in accord-
ance with at least one embodiment described in this dis-
closure. As illustrated in Fig. 3, the computing system
300 may include a processor 302, a memory 304, a data
storage 306, and a communication unit 308.
[0074] Generally, the processor 302 may include any
suitable special-purpose or general-purpose computer,
computing entity, or processing device including various
computer hardware or software modules and may be
configured to execute instructions stored on any appli-
cable computer-readable storage media. For example,
the processor 302 may include a microprocessor, a mi-
crocontroller, a digital signal processor (DS), an applica-
tion-specific integrated circuit (ASIC), a Field-Program-
mable Gate Array (FPGA), or any other digital or analog
circuitry configured to interpret and/or to execute pro-
gram instructions and/or to process data. Although illus-
trated as a single processor in Fig. 3, it is understood that
the processor 302 may include any number of processors
distributed across any number of network or physical lo-
cations that are configured to perform individually or col-
lectively any number of operations described herein. In
some embodiments, the processor 302 may interpret
and/or execute program instructions and/or process data
stored in the memory 304, the data storage 306, or the
memory 304 and the data storage 306. In some embod-
iments, the processor 302 may fetch program instruc-
tions from the data storage 306 and load the program
instructions in the memory 304. After the program instruc-
tions are loaded into the memory 304, the processor 302
may execute the program instructions, such as instruc-
tions to perform one or more operations described with
respect to the flow 200 the method 400, and/or the meth-
od 500 of Figs. 2A, 4, and 5 respectively.
[0075] The memory 304 and the data storage 306 may
include computer-readable storage media or one or more
computer-readable storage mediums for carrying or hav-
ing computer-executable instructions or data structures
stored thereon. Such computer-readable storage media
may be any available media that may be accessed by a
general-purpose or special-purpose computer, such as
the processor 302. By way of example, and not limitation,
such computer-readable storage media may include
non-transitory computer-readable storage media includ-
ing Random Access Memory (RAM), Read-Only Memory
(ROM), Electrically Erasable Programmable Read-Only
Memory (EEPROM), Compact Disc Read-Only Memory
(CD-ROM) or other optical disk storage, magnetic disk
storage or other magnetic storage devices, flash memory

devices (e.g., solid state memory devices), or any other
storage medium which may be used to carry or store
desired program code in the form of computer-executa-
ble instructions or data structures and which may be ac-
cessed by a general-purpose or special-purpose com-
puter. Combinations of the above may also be included
within the scope of computer-readable storage media.
Computer-executable instructions may include, for ex-
ample, instructions and data configured to cause the
processor 302 to perform a certain operation or group of
operations.
[0076] The communication unit 308 may be configured
to receive records, data sets, and/or hypothetical data
sets and to provide the records, data sets, and/or hypo-
thetical data sets to the data storage 306. The commu-
nication unit 308 may include any device, system, com-
ponent, or collection of components configured to allow
or facilitate communication between the computing sys-
tem 300 and a network. For example, the communication
unit 308 may include, without limitation, a modem, a net-
work card (wireless or wired), an infrared communication
device, an optical communication device, a wireless com-
munication device (such as an antenna), and/or chipset
(such as a Bluetooth device, an 802.6 device (e.g. Met-
ropolitan Area Network (MAN)), a Wi-Fi device, a WiMAX
device, cellular communication facilities, etc.), and/or the
like. The communication unit 308 may permit data to be
exchanged with any such as a cellular network, a Wi-Fi
network, a MAN, an optical network, etc., to name a few
examples, and/or any other devices described in the
present disclosure, including remote devices.
[0077] Modifications, additions, or omissions may be
made to the computing system 300 without departing
from the scope of the present disclosure. For example,
the data storage 306 may be located in multiple locations
and accessed by the processor 302 through a network.
[0078] Figs. 4A, 4B, and 4C illustrate a flow chart of an
example method 400 configured to perform operations
associated with machine learning, arranged in accord-
ance with at least one embodiment described in this dis-
closure. In some embodiments, one or more of the op-
erations associated with the method 400 may be per-
formed as part of the flow 200 of Fig. 2A. The method
400 may be performed by any suitable system, appara-
tus, or device. For example, the computing system 300
of Fig. 3, or the computing system 100 of Fig 1, may
perform one or more of the operations associated with
the method 400. Although illustrated with discrete blocks,
the steps and operations associated with one or more of
the blocks of the method 400 may be divided into addi-
tional blocks, combined into fewer blocks, or eliminated,
depending on the desired implementation. In general,
the method 400 may obtain a data set, generate a rule
based on the data set, and present the rule on a display.
[0079] With reference to Fig. 4A, at block 405, a data
set may be obtained. As described above, the data set
may be obtained or selected through a GUI, such as, for
example, the GUI 106 of Fig. 1. The data set may include
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multiple records, where each of the records may include
one or more categories. For example, with reference to
Fig. 2B, the data set 270 may include the records 272
that may include the categories 274.
[0080] At block 406, the categories of the data set may
be presented on a display of the GUI.
[0081] At block 407, an indication of a presented cat-
egory may be received. For example, a user may make
a selection of one or more of the categories to indicate
that the selected categories or values within selected cat-
egories are to be removed from the data set.
[0082] At block 408, the indicated category may be re-
moved from the records of the data set.
[0083] At block 410, an indication of a target criteria
may be obtained. For example, one or more categories
may be presented on the display of the GUI. The user
may indicate a category to be designated as the target
category by selecting a category on the display of the
GUI. Additionally or alternatively, the user may input a
target criteria via the GUI. The target criteria may include
a criteria relative to the target category that may be of
interest. The records of the data set may include values
of the target category that may be referred to as target
values.
[0084] At block 415, a first decision tree model may be
obtained. The first decision tree model (such as the de-
cision tree model 280 of Fig. 2C) may represent relation-
ships between the values of the categories of the records
and the target criteria. In some embodiments, the first
decision tree model may be obtained using the data set
or may otherwise be based on the data set. As described
above, the relationships between the values of the cat-
egories of the records and the target criteria may include
branch criteria and a number of records that meet the
target criteria. For example, the relationship may include
a number of records that meet both a branch criteria and
the target criteria.
[0085] At block 420, the categories of the data set may
be ranked based on the first decision tree model and
based on relationships between values of the ranked cat-
egories and the target criteria. For example, the relation-
ship may include a correlation relationship between val-
ues of the categories in records that include target values
that meet the target criteria. For example, the correlation
relationship may include records that include high nu-
merical values in a category as well as target values that
meet the target criteria. One or more of the high numerical
values in the category may be correlated to other records
with high numerical values of the category. In some em-
bodiments, the categories may be ranked by this or other
feature selection methods.
[0086] At block 422, a visual representation of values
of a selected category of the data set may be presented
on the display in the GUI. The visual representation may
be based on the relationships between the values of the
selected category and the target values. For example,
one or more categories may be displayed on the GUI in
a manner that the user may interact with the GUI to select

a category. The visual representation of the selected cat-
egory may be generated and displayed on the GUI. The
display may demonstrate the relationships between the
selected category and the target category, the target val-
ues, and/or the target criteria.
[0087] With reference to Fig. 4B, at block 425, one or
more low-ranking categories may be removed from the
records of the data set based on the ranking of the low-
ranking categories. Additionally or alternatively the low-
ranking categories may be removed based on a correla-
tion relationship between the low-ranking categories and
the target criteria. For example, the lowest-ranking cat-
egory may be analyzed to determine a correlation rela-
tionship between the lowest-ranking category and the
target criteria. If the correlation relationship between the
lowest-ranking category and the target criteria is below
a threshold, the lowest-ranking category may be re-
moved from the records of the data set.
[0088] At block 430, a second decision tree model may
be generated using the data set after the removal of the
low-ranking categories. The second decision tree model
may include a root node, one or more leaf nodes, and
one or more branch nodes. For example, with reference
to Fig. 2C, the decision tree model 280 may include a
root node 282a, and branch nodes 282b and 282c, and
leaf nodes 282d, 282e, 282f, and 282g. Each of the
branch nodes may represent a branch criteria of one of
the categories. The branch criteria for each of the branch
nodes may be generated based on relationships between
target values that meet the target criteria and values of
the other categories that meet a candidate branch crite-
ria. The branch criteria for each of the branch nodes may
be selected as part of the generation of the second de-
cision tree model.
[0089] At block 435, a branch node of the branch nodes
may be pruned. The purposes of pruning may include
removing a branch node that may provide less informa-
tion relevant to the target criteria than another branch
node. In some embodiments, the pruned branch node
may be selected for pruning based on the records asso-
ciated with the pruned branch node including more
records that do not meet the target criteria than records
that meet the target criteria. For example, the pruned
branch node may be selected for pruning based on the
pruned branch node being associated with more losses
than wins. In some embodiments, more than one branch
node may be pruned.
[0090] At block 440, at least one branch node of the
remaining branch nodes may be designated as a rule
node based upon which a rule may be generated. After
the pruning of the pruned branch node, or the pruned
branch nodes, the remaining branch nodes may provide
more information, relative to the target criteria, than the
pruned branch node, or the pruned branch nodes. The
designation of at least one of the remaining branch nodes
as the rule node may be based on the remaining branch
nodes providing more information, relative to the target
criteria, than the pruned branch node, or pruned branch
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nodes.
[0091] At block 445, a rule may be generated based
on the branch criteria of the rule node. For example, the
rule may include a statement or expression including a
relationship between values of a category that meet the
branch criteria, and target values that meet the target
criteria. In some embodiments, the rule may include a
representation of the relationships between one or more
categories and the target criteria. In these and other em-
bodiments, the rule may include a precondition based on
one or more parent nodes of the rule node. Additionally
or alternatively the rule may include a post-condition
based on the branch criteria of the rule node. For exam-
ple, the rule may include a "when" clause that may relate
to the precondition, and a "then" clause relating to the
post-condition.
[0092] At block 450, the rule may be presented on the
display in the GUI.
[0093] At block 455, an indication of a first percentage
of records that have values of the target category that
meet the target criteria may be received from the GUI.
For example, an indication of a first Pwin may be input
into the GUI.
[0094] With reference to Fig. 4C, at block 460 a set of
records may be selected from the data set. For example,
the set of records may be selected based on the set of
records including a second percentage of records that
meet the target criteria, where the second percentage
may be closer to the first percentage of block 455 than
one or more other percentages of other sets of records
that meet the target criteria. Additionally or alternatively,
the second percentage may be within a threshold dis-
tance of the first percentage. For example, a set of
records may be selected from the data set that include
a second Pwin that is within a threshold distance, for
example 5%, from a first Pwin of block 455.
[0095] At block 461, one or more values of the set of
records may be presented on the display of the GUI.
[0096] At block 465, values of an additional record not
included in the data set may be received. The additional
record may be a hypothetical record that may aid in dem-
onstrating the applicability of the rule to the user. Addi-
tionally or alternatively, the GUI may provide alternate
methods to change records from the less desirable class-
es to the more desirable classes through other manipu-
lations of the data not suggested by the machine learning
model. Through the GUI. In some embodiments, the val-
ues of the additional record may be based on or otherwise
related to the set of records selected at block 460. In
some embodiments, the additional record may be related
to the rule, for example the additional record may include
values that may demonstrate the applicability of the rule.
Each of the values of the additional record may corre-
spond to one of a subset of the categories of the records.
The subset of categories may or may not include the
target category. For example, in some instances, an ad-
ditional record may include values in each of the catego-
ries of the data set except the target category.

[0097] At block 466, a prediction may be made regard-
ing the likelihood that the additional record may meet the
target criteria based on the values of the additional
record.
[0098] At block 467, the prediction may be displayed
on the display of the GUI.
[0099] At block 470, a new value for one of the cate-
gories of the additional record may be received from the
GUI. For example, a value for one of the categories of
the additional record may be changed. The value may
be changed by a user interacting with the GUI to make
changes to the additional record displayed on the GUI.
[0100] Additionally or alternatively, the method 400
may include predicting whether the additional record is
likely to meet the target criteria based on the values of
the additional record including the new value. The pre-
diction regarding the new value may occur in a manner
similar or comparable to that described above for block
466, but performed based on the new value. Additionally
or alternatively, the method 400 may include displaying
at the GUI results of the prediction. The displaying of the
prediction regarding the new value may occur in a man-
ner similar or comparable to that described above for
block 467.
[0101] Modifications, additions, or omissions may be
made to the method 400 without departing from the scope
of the present disclosure. For example, in some embod-
iments, the block 410 may be omitted or may occur be-
fore, or at substantially the same time as the block 405.
For example, when the data set is obtained, the target
category, and/or the target criteria may be obtained or
known beforehand. As another example, the block 415,
the block 420, and the block, 425 may be omitted. In
these or other embodiments, the second decision tree
model may be generated without the need for a first de-
cision tree model. Further, the order of operations may
vary according to different implementations. For exam-
ple, the block 410 may occur prior to the block 406, such
as, for example at substantially the same time as the
block 405. As another example, the block 410 may occur
after the block 406 and prior to, or at substantially the
same time as, the block 407.
[0102] Fig. 5 is a flow chart of an example method 500
configured to perform operations associated with pruning
a branch node from a decision tree, according to at least
one embodiment described in this disclosure. In some
embodiments, one or more of the operations associated
with the method 500 may be performed as part of the
flow 200 of Fig. 2A. The method 500 may be performed
by any suitable system, apparatus, or device. For exam-
ple, the computing system 300 of Fig. 3, or the computing
system 100 of Fig 1, may perform one or more of the
operations associated with the method 500. Although il-
lustrated with discrete blocks, the steps and operations
associated with one or more of the blocks of the method
500 may be divided into additional blocks, combined into
fewer blocks, or eliminated, depending on the desired
implementation. In general, the method 500 may gener-
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ate a list of nodes and remove one or more nodes from
the list of nodes. In some embodiments the method 500
may be part of or included in the method 400 of Fig. 4.
For example, the method 500 may be an example of one
implementation of the block 435 of the method 400 of
Fig. 4.
[0103] At block 505, a list of nodes including branch
nodes and/or leaf nodes of a decision tree may be gen-
erated. For example, in an implementation of the block
435 of Fig. 4, the decision tree may correspond to the
second decision tree of the method 400 of Fig. 4. In these
or other embodiments, the decision tree may correspond
to the first decision tree of the method 400 of Fig. 4.
[0104] In these and other embodiments, each node of
the list of nodes may be associated with a set of records,
and each set of records may include more records that
include target values that do not meet the target criteria
than records that include target values that do meet the
target criteria. For example, the list of nodes may include
the branch nodes and leaf nodes of the decision tree that
are associated with more losses than wins.
[0105] At block 510, a first child node may be removed
from the list of nodes based on the first child node having
a first parent node in the list of nodes. For example, the
first child node may be removed because the first child
node may be redundant in view of the first parent node.
Additionally or alternatively, the first child node may be
removed because the first parent node may include more
information, or more relevant information than the first
child node.
[0106] At block 515, a second child node may be re-
moved from the list of nodes. For example, the second
child node may be removed based on the second child
node being a leaf node, for example, there may be less
information relative to the target criteria to be gained from
a leaf node than from a branch node.
[0107] At the block 520, a second parent node may be
added to the list of nodes. In these and other embodi-
ments, the second parent node may include the branch
criteria that resulted in the second child node. In some
embodiments, the second parent node may not be in-
cluded on the list of nodes prior to the block 520. In some
embodiments, there may be information relative to the
target criteria gained by adding a parent node to the list
of nodes.
[0108] At block 525, a node may be removed from the
list of nodes based on the data on which the branch cat-
egory of the node is based being designated as "un-
changeable." In these and other embodiments, un-
changeable nodes may be removed from the list of nodes
because the unchangeable nodes may provide informa-
tion that is less related to the specific task of the machine-
learning model than the information of other branch
nodes.
[0109] Modifications, additions, or omissions may be
made to the method 500 without departing from the scope
of the present disclosure. For example, in some embod-
iments, the blocks 510, or 525 may be omitted. For an-

other example, the block 515 and the block 520 may be
omitted. Further, the order of operations may vary ac-
cording to different implementations.
[0110] One skilled in the art will appreciate that, for the
flow 200, the method 400, the method 500 and other
processes and methods disclosed herein, the functions
performed in the processes and methods may be imple-
mented in differing order. Furthermore, the outlined steps
and actions are only provided as examples, and some
of the steps and actions may be optional, combined into
fewer steps and actions, or expanded into additional
steps and actions without detracting from the essence of
the disclosed embodiments.
[0111] The embodiments described herein may in-
clude the use of a special-purpose or general-purpose
computer including various computer hardware or soft-
ware modules, as discussed in greater detail below.
[0112] Embodiments described herein may be imple-
mented using computer-readable media for carrying or
having computer-executable instructions or data struc-
tures stored thereon. Such computer-readable media
may be any available media that may be accessed by a
general-purpose or special-purpose computer. By way
of example, and not limitation, such computer-readable
media may include non-transitory computer-readable
storage media including Random Access Memory
(RAM), Read-Only Memory (ROM), Electrically Erasable
Programmable Read-Only Memory (EEPROM), Com-
pact Disc Read-Only Memory (CD-ROM) or other optical
disk storage, magnetic disk storage or other magnetic
storage devices, flash memory devices (e.g., solid state
memory devices), or any other storage medium which
may be used to carry or store desired program code in
the form of computer-executable instructions or data
structures and which may be accessed by a general-
purpose or special-purpose computer. In these and other
embodiments, the term "non-transitory" as explained
herein should be construed to exclude only those types
of transitory media that were found to fall outside the
scope of patentable subject matter in the Federal Circuit
decision of In re Nuijten, 500 F.3d 1346 (Fed. Cir. 2007).
Combinations of the above may also be included within
the scope of computer-readable media.
[0113] Computer-executable instructions comprise,
for example, instructions and data which cause a gener-
al-purpose computer, special-purpose computer, or spe-
cial-purpose processing device (e.g., one or more proc-
essors) to perform a certain function or group of functions.
Although the subject matter has been described in lan-
guage specific to structural features and/or methodolog-
ical acts, it is to be understood that the subject matter
defined in the appended claims is not necessarily limited
to the specific features or acts described above. Rather,
the specific features and acts described above are dis-
closed as example forms of implementing the claims.
[0114] As used herein, the terms "module" or "compo-
nent" may refer to specific hardware implementations
configured to perform the operations of the module or
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component and/or software objects or software routines
that may be stored on and/or executed by general-pur-
pose hardware (e.g., computer-readable media,
processing devices, etc.) of the computing system. In
some embodiments, the different components, modules,
engines, and services described herein may be imple-
mented as objects or processes that execute on the com-
puting system (e.g., as separate threads).
[0115] While some of the system and methods de-
scribed herein are generally described as being imple-
mented in software (stored on and/or executed by gen-
eral-purpose hardware), specific hardware implementa-
tions or a combination of software and specific hardware
implementations are also possible and contemplated. In
this description, a "computing entity" may be any com-
puting system as previously defined herein, or any mod-
ule or combination of modulates running on a computing
system.
[0116] Terms used herein and especially in the ap-
pended claims (e.g., bodies of the appended claims) are
generally intended as "open" terms (e.g., the term "in-
cluding" should be interpreted as "including, but not lim-
ited to," the term "having" should be interpreted as "hav-
ing at least," the term "includes" should be interpreted as
"includes, but is not limited to," etc.).
[0117] Additionally, if a specific number of an intro-
duced claim recitation is intended, such an intent will be
explicitly recited in the claim, and in the absence of such
recitation no such intent is present. For example, as an
aid to understanding, the following appended claims may
contain usage of the introductory phrases "at least one"
and "one or more" to introduce claim recitations. Howev-
er, the use of such phrases should not be construed to
imply that the introduction of a claim recitation by the
indefinite articles "a" or "an" limits any particular claim
containing such introduced claim recitation to embodi-
ments containing only one such recitation, even when
the same claim includes the introductory phrases "one
or more" or "at least one" and indefinite articles such as
"a" or "an" (e.g., "a" and/or "an" should be interpreted to
mean "at least one" or "one or more"); the same holds
true for the use of definite articles used to introduce claim
recitations.
[0118] In addition, even if a specific number of an in-
troduced claim recitation is explicitly recited, those skilled
in the art will recognize that such recitation should be
interpreted to mean at least the recited number (e.g., the
bare recitation of "two recitations," without other modifi-
ers, means at least two recitations, or two or more reci-
tations). Furthermore, in those instances where a con-
vention analogous to "at least one of A, B, and C, etc."
or "one or more of A, B, and C, etc." is used, in general
such a construction is intended to include A alone, B
alone, C alone, A and B together, A and C together, B
and C together, or A, B, and C together, etc. For example,
the use of the term "and/or" is intended to be construed
in this manner.
[0119] Further, any disjunctive word or phrase present-

ing two or more alternative terms, whether in the descrip-
tion, claims, or drawings, should be understood to con-
template the possibilities of including one of the terms,
either of the terms, or both terms. For example, the
phrase "A or B" should be understood to include the pos-
sibilities of "A" or "B" or "A and B."
[0120] Additionally, the use of the terms "first," "sec-
ond," "third," etc., are not necessarily used herein to con-
note a specific order or number of elements. Generally,
the terms "first," "second," "third," etc., are used to dis-
tinguish between different elements as generic identifi-
ers. Absence a showing that the terms "first," "second,"
"third," etc., connote a specific order, these terms should
not be understood to connote a specific order. Further-
more, absence a showing that the terms
first," "second," "third," etc., connote a specific number
of elements, these terms should not be understood to
connote a specific number of elements. For example, a
first widget may be described as having a first side and
a second widget may be described as having a second
side. The use of the term "second side" with respect to
the second widget may be to distinguish such side of the
second widget from the "first side" of the first widget and
not to connote that the second widget has two sides.
[0121] All examples and conditional language recited
herein are intended for pedagogical objects to aid the
reader in understanding the invention and the concepts
contributed by the inventor to furthering the art, and are
to be construed as being without limitation to such spe-
cifically recited examples and conditions. Although em-
bodiments of the present disclosure have been described
in detail, it should be understood that the various chang-
es, substitutions, and alterations could be made hereto
without departing from the spirit and scope of the present
disclosure.

Claims

1. A method comprising:

obtaining a data set that includes a plurality of
records, each of the records including values in
a plurality of categories, one of the plurality of
categories being a target category;
obtaining an indication of a target criteria where
a first set of records of the plurality of records
each include a first target value of the target cat-
egory that meets the target criteria;
obtaining a first decision tree model using the
data set, the first decision tree model represent-
ing relationships between the values of the cat-
egories of the records and the target criteria;
ranking the plurality of categories based on the
first decision tree model and based on relation-
ships between values of the ranked categories
and the target criteria;
removing one or more low-ranking categories
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from the records of the data set based on the
ranking of the low-ranking categories;
generating a second decision tree model using
the data set with the low-ranking categories re-
moved from the data set, the second decision
tree model including a root node, a plurality of
leaf nodes, and a plurality of branch nodes, each
of the plurality of branch nodes representing a
branch criteria of one of the plurality of catego-
ries, the branch criteria for each of the plurality
of branch nodes selected based on relationships
between the first target values that meet the tar-
get criteria and values of the one of the plurality
of categories that meet the branch criteria;
pruning a branch node of the plurality of branch
nodes, the pruned branch node selected for
pruning based on a second set of records of the
data set associated with the pruned branch node
including more records that include second tar-
get values that do not meet the target criteria
than records of the first set of record that include
the first target values that meet the target crite-
ria;
designating at least one of the remaining branch
nodes as a rule node;
generating a rule based on the branch criteria
of the rule node; and
presenting the rule on a display in a graphical
user interface.

2. The method of claim 1, further comprising:

presenting the plurality of categories of the data
set on the display in the graphical user interface;
receiving from the graphical user interface an
indication of a category; and
removing the category from records of the data
set.

3. The method of claim 1 or 2, wherein the method fur-
ther comprises presenting on the display in the
graphical user interface a visual representation of
values of a selected category of the data set based
on relationships between the values of the selected
category and target values.

4. The method of claim 1, 2 or 3, further comprising:

generating a list of nodes that includes the plu-
rality of branch nodes and the plurality of leaf
nodes that include a subset of records associ-
ated therewith that includes more records that
include third target values that do not meet the
target criteria than records of the first set of
records that include the first target values that
meet the target criteria;
removing a first child node from the list of nodes
based on the first child node having a first parent

node in the list of nodes;
removing a second child node from the list of
nodes; and
adding a second parent node to the list of nodes,
the second parent node being a parent node of
the second child node.

5. The method of any preceding claim, wherein the rule
includes a precondition based on a parent nodes of
the rule node and a post-condition based on the
branch criteria of the rule node.

6. The method of any preceding claim, the method fur-
ther comprising:

receiving from the graphical user interface an
indication of a first percentage of records that
have values of the target category that meet the
target criteria;
selecting a second set of records from the data
set, the second set of records having a second
percentage of records that meet the target cri-
teria, wherein the second percentage is within
a threshold distance of the first percentage; and
presenting on the display in the graphical user
interface one or more values of the second set
of records.

7. The method of any preceding claim, the method fur-
ther comprising:

receiving a plurality of values of an additional
record not included in the data set, each of the
plurality of values corresponding to a different
one of a subset of the categories of the plurality
of records, the subset of categories not including
the target category;
predicting whether the additional record is likely
to include a third target value that meets the tar-
get criteria based on the plurality of values of
the additional record; and
displaying at the graphical user interface results
of the predicting whether the additional record
is likely to meet the target criteria;
the method optionally further comprising:

receiving from the graphical user interface
a new value for one of the subset of the cat-
egories, of the additional record;
predicting whether the additional record in-
cluding the new value is likely to include a
fourth target value that meets the target cri-
teria based on the plurality of values of the
additional record including the new value;
and
displaying at the graphical user interface re-
sults of the predicting whether the additional
record including the new value is likely to
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meet the target criteria.

8. At least one non-transitory computer-readable me-
dia configured to store one or more instructions that
when executed by at least one processor cause or
direct a system to perform the method of any one of
claims 1 to 7.

9. At least one non-transitory computer-readable me-
dium configured to store one or more instructions
that when executed by at least one processor cause
or direct a system to perform operations, the opera-
tions comprising:

obtaining a data set that includes a plurality of
records, each of the records including values in
a plurality of categories, one of the plurality of
categories being a target category;
obtaining an indication of a target criteria where
a first set of records of the plurality of records
each include a first target value of the target cat-
egory that meets the target criteria;
generating a decision tree model using the data
set, the decision tree model including a root
node, a plurality of leaf nodes, and a plurality of
branch nodes, each of the plurality of branch
nodes representing a branch criteria of one of
the plurality of categories, the branch criteria for
each of the plurality of branch nodes selected
based on relationships between the first target
values that meet the target criteria and values
of the one of the plurality of categories that meet
the branch criteria;
pruning a branch node of the plurality of branch
nodes, the pruned branch node selected for
pruning based on a second set of records of the
data set associated with the pruned branch node
including more records that include second tar-
get values that do not meet the target criteria
than records of the first set of records that in-
clude the first target values that meet the target
criteria;
designating at least one of the remaining branch
nodes as a rule node;
generating a rule based on the branch criteria
of the rule node; and
presenting the rule on a display in a graphical
user interface.

10. The non-transitory computer-readable medium of
claim 9, wherein the operations further comprise pri-
or to the generating the decision tree model:

obtaining a second decision tree model using
the data set;
ranking the plurality of categories based on the
second decision tree model and based on rela-
tionships between values of the ranked catego-

ries and the target criteria; and
removing one or more low-ranking categories
from the records of the data set based on the
ranking of the low-ranking categories,

wherein generating the decision tree model using
the data set is based on the data set with the low-
ranking categories removed from the data set.

11. The non-transitory computer-readable medium of
claim 9 or 10, the operations further comprising:

presenting the plurality of categories of the data
set on the display in the graphical user interface;
receiving from the graphical user interface an
indication of a category; and
removing the category from records of the data
set.

12. The non-transitory computer-readable medium of
claim 9, 10 or 11, wherein the operations further com-
prise presenting on the display in the graphical user
interface a visual representation of values of a se-
lected category of the data set based on relation-
ships between the values of the selected category
and target values.

13. The non-transitory computer-readable medium of
claim 9, 10, 11 or 12, the operations further compris-
ing:

generating a list of nodes that includes the plu-
rality of branch nodes and the plurality of leaf
nodes that include a subset of records associ-
ated therewith that includes more records that
include third target values that do not meet the
target criteria than records of the first set of
records that include the first target values that
meet the target criteria;
removing a first child node from the list of nodes
based on the first child node having a first parent
node in the list of nodes;
removing a second child node from the list of
nodes; and
adding a second parent node to the list of nodes,
the second parent node being a parent node of
the second child node.

14. The non-transitory computer-readable medium of
any one of claims 9 to 13, wherein the rule includes
a precondition based on a parent nodes of the rule
node and a post-condition based on the branch cri-
teria of the rule node.

15. The non-transitory computer-readable medium of
any one of claims 9 to 14, the operations further com-
prising:
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receiving from the graphical user interface an
indication of a first percentage of records that
have values of the target category that meet the
target criteria;
selecting a second set of records from the data
set, the second set of records having a second
percentage of records that meet the target cri-
teria, wherein the second percentage is within
a threshold distance of the first percentage; and
presenting on the display in the graphical user
interface one or more values of the second set
of records.

16. The non-transitory computer-readable medium of
any one of claims 9 to 15, the operations further com-
prising:

receiving a plurality of values of an additional
record not included in the data set, each of the
plurality of values corresponding to a different
one of a subset of the categories of the plurality
of records, the subset of categories not including
the target category;
predicting whether the additional record is likely
to include a third target value that meets the tar-
get criteria based on the plurality of values of
the additional record; and
displaying at the graphical user interface results
of the predicting whether the additional record
is likely to meet the target criteria,
the operations optionally further comprising:

receiving from the graphical user interface
a new value for one of the subset of the cat-
egories, of the additional record;
predicting whether the additional record in-
cluding the new value is likely to include a
fourth target value that meets the target cri-
teria based on the plurality of values of the
additional record including the new value;
and
displaying at the graphical user interface re-
sults of the predicting whether the additional
record including the new value is likely to
meet the target criteria.

17. A system comprising:

one or more computer-readable media storing
one or more instructions as claimed in any one
of claims 9 to 16; and
one or more processors coupled to the one or
more computer-readable media, the one or
more processors configured to execute the one
or more instructions.
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